Abstract-As there is little or no experimental experience of reincarnation in the natural world, attempts to add a reincarnation metaphor to an evolutionary algorithm must of necessity proceed cautiously. In previous work the authors have established that the reintroduction of previously stored gene values into the population can have a noticeable effect on the progress of evolution, this paper now considers a range of options for deciding which gene values to store, which to return and which individuals in the current population should receive the returned gene values. Consistent experimental results on three well known functions allow a suggestion to be made of, if not the best choices, at least a good choice selection to use on initial experiments on other problems.
I. INTRODUCTION
P RACTICAL experience of evolution in the real world has proved beneficial when designing evolution inspired algorithms for real life optimisation problems. However, evolution in real life has different goals (the survival and development of one or more species) than our artificial optimisation problems, which typically require the detection of one or more good (ideally optimal) solutions to some problem and possibly to track these over time. Being overly concerned about biological plausibility may limit our ability to tackle what are actually non-biological problems. But as we add non-biological aspects to our algorithms we lose the benefit of the natural experiences that humans have acquired over time.
Deliberative reincarnation, in the sense of the reintroduction to the gene pool of values that were saved long ago and which might have died out from the gene pool in the time since they were saved, is not a naturally observed phenomenon. While the basic idea may seem attractive, it is not obvious (and nature gives no help) how to answer the following three questions so as to have the best effect: 1) when to save one (or more) values and which value(s) to save 2) when one or more stored value(s) should be returned to the active population and when these stored value(s) should be returned, and 3) how the returned value(s) should be reintroduced into the population. While some seeds taken from ancient Egyptian tombs have been recovered and sown to produce wheat strains long considered extinct [1] , this gives no insights to answer the questions above. Although seed banks are being constructed [2] , [3] to preserve available genetic diversity of many grains, and probably other biological influences, no controlled selection, preservation and re-introduction cycle has yet been completed.
Lacking the blessing of naturally inspired experience, the subject of reincarnation has had to be approached very carefully. The first question to be answered is: 'Should whole individuals be saved or should just gene values be saved?'
Since whole individuals will have had a chance to take place in the normal evolutionary process, it seems highly unlikely that the reintroduction of any unsuccessful individuals significantly later would be beneficial for solving static problems. However [4] has shown that saving above average performing individuals that were not selected to become a parent and allowing them to compete with the members of the current population for selection as a parent for a few more generations is beneficial to the evolutionary process.
Individual gene values however are different. A 'good' value for a particular gene may vanish from the population as a result of poorly performing values for the other genes that make up all the individuals in which it appears. Once a gene value is lost in a traditional evolutionary algorithm only mutation can recreate it. By saving 'good' (along with many less good) gene values we obtain a pool of values that we can recover rather than have to recreate. We suggest that the introduction of successful reincarnation might well reduce the amount of mutation required. Even those values saved when they were 'not so good' could themselves prove 'good' if reintroduced further down the evolutionary track.
For this reason attention has been restricted in this work to the saving and reusing of individual gene values. However a second question immediately becomes apparent: 'Would reincarnation of individual gene values have a noticeable effect on the progress of the evolutionary process when compared to a process that is the same in all respects except that no reincarnation occurred?' An equivalent question is: 'Would at least some of the gene values reintroduced remain (possibly in a mutated form) in the population for a number of generations?'
The equivalence of the questions stems from the basic Darwinian belief that the useful remains in and spreads through a population while the useless is bred out of existence.
These questions were recently answered in the affirmative by the authors [5] , a paper that also considers other information reuse techniques. Figure 1 (reproduced from that paper) clearly shows that small numbers of gene values remain in the population for many generations after reincarnation.
The data plotted in figure 1 is for one (randomly chosen) run on the Ackley function in 30 dimensions and used the simplest methods for selecting which gene values to save and restore of those described in section IV. For clarity, all values that lasted less than 5 generations after reintroduction have been omitted from the plot. Building on this knowledge that reincarnation using stored gene values can have noticeable effects, this paper discusses the details of better selection methods that can be used to produce a practical reincarnation evolutionary algorithm.
II. THE ALGORITHM A flow chart of a basic evolutionary algorithm modified to include reincarnation is shown in figure 2 .
The steps of a traditional basic evolutionary algorithm are shown shaded. The external storage that holds the stored values for a particular gene, the one way information can be put in it and the two ways it can be removed, are shown dotted. Note that there is a separate storage for gene values from each possible position in an individual and that gene values saved from position n in an individual are only ever returned to position n.
To implement a practical algorithm an extra question needs to be added to the three questions above as the external storage(s) will inevitably have a finite size.
4) How to cull this storage so that the number of stored gene values remains manageable without seriously diminishing the value of what is stored. The extra structures in figure 2 are an algorithmic representation of the four questions above. Possible ways in which these can be implemented are described in section IV below.
III. METHODOLOGY Experiments to investigate the answers to these four questions have been performed using three primary data sets:
Ackley's function in 30 dimensions (equation 1), Rastragin's function in 30 dimensions (equation 2) and the 3 potholes function in 6 dimensions (equation 3)
−32.768 < x < 32.768
−5.12 < x i < 5.12
where a =
The result trends discussed below were observed with each of these data sets. For ease of comparison all graphs and other results presented in this paper refer to the Ackley data set in 30 dimensions. In all cases the average best value is calculated for each generation from 100 independent repeated runs. All experiments used real valued genes and uniform crossover at gene boundaries.
When a selection is required from the external storage a greedy tournament is run for computational efficiency. When selecting a gene value to either return to the population or discard, a number N of possible values are selected at random and the 'best' is selected. The 'best' would be the fittest if selecting gene values to return to the population but the least fit if selecting gene values to discard.
If the decision involves selection based on more than one parameter (multi criteria selection) it is based on the Pareto rank of each possible value. The Pareto rank is the number of other values that this value is superior or equal to on every criteria. If selecting gene values to return to the population the highest Pareto ranked value is chosen. If two or more values have the same rank a random choice is made from this equi-ranked subset. If selecting gene values to discard the lowest ranked value is chosen with ties again being randomly decided.
A number of parameters were kept constant throughout the experiments. These are shown in table I. 
A. Storing gene values for possible later return
Since the aim of reincarnation is to act as a mechanism to enhance genetic diversity, the ways so far explored for choosing the candidates to be considered for introduction into the external storage all involve choosing all the gene values that are about to become extinct from the current breeding population. Unqualified this can produce a substantial inflow into the storage. To reduce the inflow into storage, and thus the size of the storage required, consideration has been given to only adding such gene values to storage if they are sufficiently different to values that are already present in the storage.
Preliminary experiments show that the performance improvement is worth the extra computation cost of performing the necessary tests and experiments reported in this paper have saved all gene values that are about to become extinct on each and every generation provided that the absolute value of the difference between the gene value it is proposed to store and the closest value already in storage is greater than a user specified threshold. This can still produce a significant inflow of values into storage at times, however the number of values that are stored at any one time is prevented from becoming excessive by a suitable culling strategy (as described in IV-D below).
B. Selecting the gene value to return
Experiments have been conducted with a number of different strategies to select the gene values to return to the population. The most significant of these (and the abbreviations by which they will be identified on figure 3) are:
• (R) Selecting each gene value to return to the population at random.
• (A) Selecting each gene value to return to the population by a tournament based on age between n randomly chosen individuals.
• (F) Selecting each gene value to return to the population by a tournament based on absolute fitness between n randomly chosen individuals.
• (N) Selecting the gene value to return to the population by a tournament based on the normalised fitness between n randomly chosen individuals. Fitnesses are normalised relative to the average fitness of the generation when they were stored.
• (FA) Selecting the gene value to return to the population by a tournament between n randomly chosen individuals based the Pareto rankings based on age and absolute fitness.
• (FN) Selecting the gene value to return to the population by a tournament between n randomly chosen individuals based the Pareto rankings based on age and absolute fitness.
• (AN) Selecting the gene value to return to the population by a tournament between n randomly chosen individuals based the Pareto rankings based on age and normalised fitness.
• (FAN) Selecting the gene value to return to the population by a tournament between n randomly chosen individuals based the Pareto rankings based on absolute fitness, age and normalised fitness. Fig. 3 . The relative performance when using a range of methods to select which gene value to return to the working population from storage. Figure 3 shows the relative performance of all the strategies described above. The legend is arranged so that the best performing strategy is at the top with the others arranged in descending order below this. Reinserting randomly chosen gene values (as used for the data in figure 1 ) is a 'middle rank' choice; the best is to select based just on absolute fitness. Normalised fitness is nearly as good but selecting based on age leads to a very poor performance. This implies that values should not be returned just because they are old. Selection based on the Pareto rankings of two or more of these criteria would not appear to be worth the extra computation as no combination outperforms selection based on absolute fitness alone.
When selecting based on age the selection probability is proportional to age so that older values are more likely to be chosen. In practice few 'old' values remain in storage, because the fitness of individuals tends to improve as the number of generations increases, 'old' values tend to be poorer. Thus the 'old' get culled no matter whether culling is based on age directly or on fitness. As a result it is predominantly 'middle aged' values that get returned. Selecting based on age with the selection being inversely proportional to age so that the most recently stored are most likely to be chosen was not investigated as this would lead to most returns being gene values that have just become extinct (and therefore had their gene values stored). This is not the aim of reincarnation which seeks to return useful values saved a significant number of generations previously.
C. Selecting the individuals to receive the returned gene values
All strategies for selecting the individuals to receive the returned gene values had in common the identification of individuals that contained gene values that were over represented in the population. For example, if a population of 30 individuals had 10 different gene values in some position, then on average each of these gene values would occur three times. Any gene value that occurred more than three times would be over represented n − 3 times, where n is then number of times this gene value occurs.
In the simplest version a user defined proportion of these over represented genes are randomly chosen and these are the gene instances that are replaced. This replacement is made without reference to the other gene values present in the individual and thus the fitness of the individual that is being produced.
In a second version the same process is followed to make a trial replacement but the fitness of the individual produced is checked and the probability that a replacement is kept and not reversed is proportional to the fitness of the individual that would be produced compared to the generation average fitness. This version increases the number of fitness evaluations required (and thus the computational cost) with only a minor improvement in performance.
In a third version replacement is again made of over represented genes but only into individuals that are nonunique in the current population. That is, there must be another identical or highly similar individual that is left unchanged. The aim is to minimise the damage caused to the current population by gene replacement in any fit unique member. This version suffers from a low number of actual replacements being actually made as the preconditions above are rare outside total convergence.
After preliminary experiments in which all versions were tested, all subsequent ones have just used the simple strategy as a results of the drawbacks noted for the second and third versions.
D. Culling the external storage
Experiments have been conducted with a number of different strategies to cull the external storage. The most significant of these (and the abbreviations by which they will be identified on figure 4) are:
• (A) Selecting the gene value to cull by a tournament based on age between n randomly chosen individuals. The older a value the more likely it is to be culled.
• (F) Selecting the gene value to cull by a tournament based on absolute fitness between n randomly chosen individuals. The less fit a value the more likely it is to be culled.
• (N) Selecting the gene value to cull by a tournament between n randomly chosen individuals based on the normalised fitness. The fitness is normalised compared to the average fitness of the generation when this value was stored. The less fit a value the more likely it is to be culled.
• (FA) Selecting the gene value to cull by a tournament between n randomly chosen individuals based on the Pareto rankings based on absolute fitness and age.
• (NA) Selecting the gene value to cull by a tournament between n randomly chosen individuals based on the Pareto rankings based on normalised fitness and age . Fig. 4 . The relative performance when using a range of methods to select which gene value to return to the working population from storage. Figure 4 shows that removing the least fit from storage, no matter how long they have been there, is the best strategy demonstrating robustness. As might be expected an old fit gene value is of more worth than a young unfit one. This suggests that selection based on both age and fitness might be best but this is not so, a fit value (in absolute terms) should be kept no matter when it was stored.
In all cases except random a tournament was held between individuals based on either one attribute or on their Pareto ranking of multiple attributes. The figure is deliberately based on data that was obtained using age based selection of the replacement values, the least effective method of all. This choice allows the difference between the possible culling methods to be seen most clearly, data using all the other ways of selecting replacement values (and indeed other problems) show the same trends although the differences between the options may not be as dramatic.
V. DISCUSSION
It would be naive to assume that the choice made for, say, gene replacement, would have no effect on the results obtained while varying the possible options for some second choice, say storage attrition method. The graphs presented so far in this paper, while showing how the best obtained result varies with the generation, cannot show these interactions. Tables II and III show how all combinations of choice are performing after 200 and 1000 generations respectively. These values were chosen as at 200 generations there is typically the largest difference between the methods, while at 1000 generations the performance of each method is substantially at it's final value. It should be noted that when 'F' is used for the culling of the external storage, it refers to preferentially removing the worst (least fit). However, when 'F' is used for selecting the gene values to used for replacement, it refers to preferentially selecting the best (most fit).
While at 200 generations the best combination is if 'F' is used to guide replacement, while the top three choices for storage culling all involve age, either on its own or in collaboration with raw or normalised fitness. Culling based on raw fitness alone however, is a close fourth. By 1000 generations culling based on fitness is best when coupled with gene value selection based on raw or normalised fitness or both in combination.
While the primary aim of this work is to see how reincarnation can best be implemented so as to have a significant and repeatable effect on the evolutionary process, it is of course very tempting to compare the performance of a reincarnation EA with a conventional EA. Figure 5 shows such a comparison.
It can be seen that the Reincarnation EA outperforms the Conventional EA with the same parameters, but such a comparison is less than fair as the Reincarnation EA is expected to have a lesser dependence on mutation than the Conventional EA. The performance of the standard EA varies considerably as the standard deviation of the mutation magnitude is varied. When this parameter is increased the performance of the standard EA approaches that of the Reincarnation EA, although the latter maintains an advantage in the first 500 generations or so. While similar results are seen on the other two problems, caution should be exercised as to how widely applicable these relative performances are. While encouraging, they cannot be considered conclusive. It may well be that none of these problems are really hard enough to clearly illustrate the difference in performance: it would be interesting to know if the Reincarnation EA is able to reliably solve problems too hard for the conventional EA.
VI. CONCLUSIONS AND FUTURE WORK
Choosing simple fitness based selection for both gene values to return and gene values to cull have proved to be the a good choice for the problems tested when combined with storing all gene values that are about to become extinct as long as they are sufficiently different from values already stored and replacing a randomly selected number of over represented gene values. This has proved to be a good choice both in terms of the results obtained and the computational load. While this does not mean that they will be ideal for all other problems, it does suggest that they might represent a good starting point.
There is no doubt that the algorithm as described here is wasteful in the sense that much of the stored material is never used, or, if used, quickly vanishes again. Future work will attempt to find computationally efficient ways of improving the selection of both the gene values to store and the gene values to return. Attention will also be given to finding a computationally efficient way of minimising the damage the reinsertion of values does to a population, possibly using ideas taken from sequential niching and approaches using a mixture of on-line and off-line storage.
Although a case can be argued for some advantage of the Reincarnation EA over the Conventional EA based on comparisons such as those in figure 5 , more work will be required to know how real and how wide spread such advantage might be. Only then can an attempt be made to consider if the overall performance gain is worth the extra computational cost.
